We empirically evaluate the effect of information disclosure on the demand for a specific type of T-shorts sold on the Yahoo! Auctions platform. Because buyers usually cannot examine the product directly when shopping online, information asymmetry may obstruct transactions. Sellers disclose product information by providing pictures on the website. Nonetheless, the disclosed information differ in both quantity and quality.
selection, and consequently many potential gains from trades would not realize. In the past decades, Internet transactions have increased dramatically. Internet transactions often face strong information asymmetry because trade partners usually do not know each other and buyers do not see the product until it is delivered. The popularity of Internet transactions seems contradictory to the prediction of the adverse selection problem. In this paper, we demonstrate that the information disclosed in an online marketplace can work to alleviate adverse selection. Consumer demand is higher when more information is disclosed. Nonetheless, the effectiveness of the disclosed information depends crucially on its quality. Only high-quality information has a significant impact on consumer demand.
There are primarily two kinds of information asymmetry on Internet transactions. One is the uncertainty about the trade partner. For example, a buyer does not know whether the seller will honestly deliver the promised good after he/she pays the money. On the other hand, a seller does not know if the buyer will honestly report the condition of the good after receiving it. The second kind of information asymmetry is about the exact product characteristics. Because the buyer cannot exam the product in person before making the payment, the actual characteristics might be different from the expected. While there have been many previous researches on the first kind of information asymmetry, there are few works on the second kind. In this paper, we focus on the information asymmetry about product characteristics.
One important reason behind the success of eBay, Yahoo!, and other Internet auction sites is their reputation system. The system typically works in the following way. After each completed transaction, the buyer can give the seller an evaluation. The evaluation can be either positive, neutral, or negative. At the same time, the seller can evaluate the buyer in the same way. The auction site records all the past evaluations for each user. As a result, a user is associated with a rating score, which equals to the number of positive evaluations minus the number of negative ones in the past. The rating score is usually displayed together with a user's ID. Therefore, all other users can see the score. This score functions as a reputation system. A user with a high score must have received many positive evaluations in the past. Houser and Wooders (2006) find that a user can sell a product for a higher price if she has a higher rating score. On the other hand, buyer's score does not affect the transaction price. Moreover, Livingston (2005) show that the marginal effect of a seller's rating score is positive but decreases rapidly when a seller cumulates a higher score. These findings mean that rating scores can reduce the problem associated with the information asymmetry on a seller's personality. Buyers have stronger demand when facing a seller with a higher rating score. On the other hand, a seller can block buyers who have a lower score from bidding or purchasing the product. Therefore, information asymmetry about a buyer's personality can also be resolved by using the reputation system.
To study information asymmetry arising from uncertainty about product characteristics, Lewis (2009) proposes a model of adverse selection under costly information disclosure and verifies the theoretical predictions by using auction data from eBay Motors. Because providing information is costly, sellers with a better-quality product anticipate a higher surplus from transaction and tend to disclose more information (pictures, text, and graphs) on the web. On the other hand, buyers can infer the product quality by the quantity of disclosed information. As a result, buyers are willing to bid a higher price when a seller provides more information in the listing. This separating equilibrium helps reduce the adverse selection problem because buyers can use the quantity of information as a signal to infer the quality of a car. While Lewis (2009)'s empirical study confirms the effect of information quantity on demand, we extend his work to account for information quality. It is usually difficult to measure the quality of information. Nonetheless, in the unbranded clothing market we studied, the pictures provided by a seller can be naturally categorized into two quality types. The products in this market are usually made by imitating the design of famous brands. Although some sellers provide pictures taken for the actual product, other sellers only provide pictures of the clothes being imitated. We regard the former type as high-quality information while the latter as low-quality.
Our empirical study investigates the causal effect of information quantity on consumer demand conditional on the quality of information. As Lewis (2009) 's model suggest, the quantity of information is likely to be a endogenous decision of the seller, depending on the unobserved product characteristics. Therefore, we use two stage least squares to estimate the demand. We find that one percent increase in the number of high-quality pictures can significantly increase the demand. On the contrary, the effect of adding a low-quality picture is small both economically and statistically.
The rest of the paper is organized as the following. In the next section, we briefly introduce the Internet unbranded clothing market used in our empirical study and point out the importance of information problem in this market. In Section 3, we present the details about data collection and explain the variables used in our estimation. In Section 4, we first discuss the instruments for identifying the causal relationship in our demand model, and then show our estimation results. Concluding remarks are in the final section.
The Clothing Market in Yahoo! Auctions Taiwan
We collected data from Yahoo! Auctions Taiwan, which is one of the two largest Internet auction sites in Taiwan. The Internet search giant Yahoo! started its auction service in 1998.
Due to the competition from other Internet auction sites, Yahoo! ceased its auction service in most countries as of 2009. Only the Taiwan, Hong Kong, and Japan sites remain up and running.
Although Yahoo! still provides the auction service in Taiwan, many sellers use this platform as a channel to sell products at a fixed price. Specifically, when a seller chooses the "Buy It Now" price equal to the starting bid of an auction, the product can only be sold at this price. 1 For the clothing market in Yahoo! Auctions Taiwan, most products are sold by a fixed price, despite the auction format. In fact, a recent survey shows using the "Buy It Now" price in an auction site to purchase a good is much more common than bidding (See Table 1 ).
1 The fee for setting a "Buy It Now" price is 1 Taiwan dollar (TWD). The exchange rate in the sampling period for one US dollar is roughly 34.5 Taiwan dollars. In this paper, we study unbranded new clothes sold by professional sellers. We rule out branded clothes because the reputation of a brand can also be an indicator for the quality of clothes. Besides, consumers can visit a brisk-and-mortar store to learn the quality of branded clothes or even to try on clothes and then buy them from an Internet seller. On the other hand, consumers can know the quality of unbranded clothes only through the information provided by the seller in the website. Therefore, the information should have more direct impact on consumer demand.
Sellers in this market do not design the clothes by themselves. Instead, they imitate the design of famous brands or the design appeared in fashion magazines. Most sellers have few clothes in their stock. They usually adopt the "make to order" strategy to fulfill their orders.
As a result, buyers usually need to wait for a few days after placing an order through the platform on Yahoo!.
An important issue in this market is to convoy the information about the actual products characteristics to consumers. Although some information can be easily described by texts, such as color, size, or fabric, many aspects of clothes are difficult to described by words, such as the graph on a T-shirt or the shape of sleeves. Consequently, for selling clothes, seller always provide pictures on the listing. However, the qualify of pictures differs. Some sellers post the pictures taken for the actual product, while others only post the images of the original clothes they imitate (for example, the pictures appearing on the fashion magazines or the pictures in the website of the original branded product). Our empirical analysis is to test whether different sources of the pictures affect the effectiveness of convoying information. We say information is of high quality if the pictures are taken for the actual products. Otherwise, the information is of low quality.
Data
We collected all the sales listed in the category of short-sleeve, round-neck T-shirts on Yahoo! Auctions Taiwan ending during the period between March 10 and March 14, 2009. There are 163 observations in our sample. In order to include only professional sellers, we only collected sales listed as a "featured item". 2 In addition, to rule out branded products, we only consider the sales with a listed price less than 500 TWD (Taiwan dollars). 3
Descriptive statistics are presented in Table 2 . All the sellers set the starting bid equal to the Buy-It-Now price. Consequently, all goods are essentially sold at a fixed price, determined by the seller before listing. The description of a product is collected from its web page.
When listing a product, a seller needs to show the number of items available for sale. In this category, sellers typically list a very large number, such as 999, and then manufacture them after receiving orders. 4 Therefore, the number of available items is not a binding constraint for buyers. Different from a typical auction, buyers do not need to compete with each other to obtain the limited quantity of the items for available sale. The total transaction quantities reflect consumers' demand for the product. We can observe the quantity by looking at the bidding history. from the actual products, and SOU RCE = 0 otherwise.
2. We subjectively make the judgement by checking the posted pictures. For instance, if pictures can be recognized as a scan from a magazine, we set SOU RCE = 0.
Most of our empirical analysis is based on the first definition, but we also estimate the model under the second one as a robustness check.
We measure the quantity of information by counting the number of pictures posted in the listing. Although the size of a picture may affect a consumer's perception of the product, we only consider the number of pictures in our estimation. In addition to pictures, we also count the number of words in product description and a dummy variable of material description to account for other aspects of information variation.
In the previous literature, seller's reputation is known to be an important factor in buyer's willingness to pay. We include two measures for the reputation: seller's total rating score and the percentage of seller's negative rating in the past. Both are displayed together with a seller's ID on the product description page. Consequently, a buyer can easily uses these two variables to evaluate a seller's reputation, which in turn may affect a buyer's purchasing decision.
The shipping choices may affect a buyer's demand. All sellers have the option of shipping by the postal service or by a private shipping company. Some sellers allow a buyer to pay at the time of delivery (COD). Beside, there are additional shipping choices offered by part of the sellers: (1) Seller sends the product to a convenient store and buyer pays at the store.
(2) Seller and buyer negotiate a place to meet and complete the transaction face to face. We use dummies CV S and F T F to indicate these two shipping options.
We will use three variables as instruments in the regression. The intuition for choosing these variables will be explained in the next section. The first instrument, ORDER, is a dummy variable to indicate whether the seller uses an specific webpage for buyers to fill out address and other shipping information. The second one, IT EM , is the number of all items listed by the seller at Yahoo! at the same time. This variable is a proxy for the scale of the Based on the first definition of information quality (SOU RCE), Table 3 shows the summary statistics for listings with high and low information quality separately. On average, listings with high quality information sell more products and have more pictures posted on the website. They also tend to be more expensive and sold by sellers with a higher rating score.
Estimation

Model
Our main objective is to find the causal effect of adding a picture on demand. We consider a linear demand model with a constant demand elasticity. The regression equation is log Q = β 0 + β 1 log P HOT O + β 2 log P HOT O × SOU RCE + β 3 SOU RCE + β 4 log P RICE + β 5 W ORDS + β 6 log RAT IN G + β 7 N EGAT IV E + β 8 CV S + β 9 COD + β 10 W AIT + β 11 DU RAT ION + ε (1) where ε represents product characteristics unobserved to econometricians. These unobserved characteristics may include things such as the style of design, the graph on the T-shirt, or the size of the posted pictures. We assume that ε is independent across listings, has zero mean, and is uncorrelated with all the explanatory variables except log P HOT O and log P HOT O × SOU RCE.
The marginal effect is β 1 when a photo is not taking for the actual product (SOU RCE = 0). The effect is β 1 + β 2 when the seller provides photos for the actual products (SOU RCE = 1). To establish the causal relationship, we need to account for the potential endogeneity problem between P HOT O and the unobserved characteristic ε. For instance, when an item has a better unobserved characteristic, a seller may post more pictures. Therefore, we allow ε to be correlated with log P HOT O and log P HOT O × SOU RCE.
Exclusive Instruments
We propose three exclusive instruments to control the endogeneity of the number of pictures:
ORDER, IT EM , and M ODEL. The primary intuition for choosing these instruments is that the size of a firm may correlate with the cost of taking pictures due to economics of scales, but the size is unlikely to affect a consumer's demand directly (after controlling for a firm's reputation and observed product characteristics). The first instrument ORDER is a dummy variable indicating whether the seller uses a online order system for the buyer to enter the mailing address and other shipping information. For a buyer, she always need to provide the information either through an online order system or through an e-mail to the seller. Therefore, we think this variable does not affect a buyer's decision. On the other hand, because of economics of scale, a seller with more items to sell is more likely to use an online order system and is also more likely to provide more pictures on the webpage.
The second instrument IT EM is the number of items sold by the seller at the same time.
The variable directly shows the size of the seller. We think this variable affects the cost of posting pictures through economics of scale but has no direct impact on demand.
The third instrument M ODEL is the number of models hired by the seller. When a seller hires more models, it is easier to find a model who fits the product best. As a result, we expect the seller to take more pictures to demonstrate the product. On the other hand, the number of models should have no direct effect on the product quality. Demand is unlikely to be affected.
In addition to the above three variables, we add two interaction terms ORDER × SOU RCE and IT EM × SOU RCE as exclusive instruments. 5 The identification assumption is that, conditional on the value of SOU RCE, both ORDEL and IT EM are uncorrelated with ε. This assumption means that, regardless information quality, firm size is correlated with information quantity but uncorrelated with unobserved product characteristics.
Estimation Results
We estimate the regression equation (1) by the Generalized Method of Moments (GMM).
Although the equation can be also estimated by performing two-stage least squares (2SLS), a standard assumption in 2SLS is to assume the unobserved characteristics ε to be homoscedastic across listings. Instead, in our GMM estimation, the standard errors are robust to the presence of arbitrary heteroskedasticity. 6 Table 4 presents coefficient estimates in the second stage of the 2SLS regression. We use the first definition for information quality (SOU RCE) in the estimation. Some robustness checks are presented in the next subsection. Column (A) only includes the covariates related to information disclosure. Column (B) adds the two variables representing the seller's reputation. We add some product characteristics in Column (C), which is our preferred specification.
Before moving to discuss our regression results, we show the validity of our exclusive the GMM.
instruments. The first stage estimation of the 2SLS under the setup of Column (C) in Table   4 . The first five variables are the exclusive instruments. Most of them have explanatory power for the two endogenous variables, log P HOT O and log P HOT O × SOU RCE. The F values are greater than 10 in both columns. Furthermore, the χ 2 statistic for the AndersonRubin test is 16.99, which means the p-value is 0.0045. Therefore, the instruments qualify the requirement of being relevant to the endogenous variables.
We now discuss the estimation results for the regression model (1) shown in Table 4 .
The marginal effect of low-quality pictures on demand can be seen from the coefficient of log P HOT O. Although the coefficient is positive in the first two columns at the significance level 10%, it is insignificantly different from zero after controlling for observed product characteristics. The effect of high-quality pictures is the sum of the coefficients of log P HOT O and log P HOT O×SOU RCE. Table 6 lists the point estimate for the sum and its robust standard error for each model specification. The effect is significantly positive under all specifications.
Increase the number of pictures by one percent can raise the demand by approximately 1.271 percents under our preferred specification, Column (C).
As for other explanatory variables, providing high-quality information by itself does not have significant impact on demand when comparing to providing low-quality information.
The demand curve has a negative slope, with demand elasticity near 1.584. In this study, we assume price is uncorrelated with unobserved product characteristics ε. We do not deal with the potential endogeneity problem on price. If this assumption does not hold and price is positive correlated with ε (A seller may set a higher price for a product with a better unobserved quality ε.), our estimated coefficient on log P would bias upward, and the true demand elasticity would be higher than our estimate.
There is almost no effect of providing longer text in product description, both statistically and economically. We think this is due to the difficulty of describing many product characteristics of clothes in text. "A picture is worth a thousand words" for selling clothes.
As in the past literature, a seller's reputation has important impact on demand. One percent increase in the rating score raises the demand significantly by 0.249 percents. Only the other hand, the percentage of negative ratings has almost no effect on demand. This is probably because there is only small variation in this variable in our data. In fact, if a user cumulates too many negative ratings, he can give up the ID and register another ID.
It is unlikely to observe a user ID associated with a large percentage of negative rating.
Therefore, the percentage of negative ratings does not provide much information on a seller's past behavior. Furthermore, an ID with a small rating score can either be a new user or an old user who registers a new ID to replace one with bad reputation. This also explain why the rating score is a good indicator for a user's reputation.
Providing more shipping options has a positive effect on demand. Both the coefficient for picking up in a convenient store and the coefficient for cash on delivery (COD) are significantly positive. Besides, the waiting time has a negative effect on demand, but the effect is small and insignificant.
The p-value of the Hansen overidentification test is 0.117. Therefore, we cannot reject the hypothesis that the instruments and ε are jointly uncorrelated at the 10% significance level.
Robustness Check
We compare the preferred specification in the previous subsection with several alternatives.
The estimates for the coefficients are shown in Table 7 . The first column is our preferred specification, which is Column (C) in Table 4 . We add some additional observed product characteristics in the second column, but there is almost no improvement in the model fit.
These additional characteristics do not have much explanatory power. In the third column, we change the definition of SOU RCE. Instead of using the description provided by the seller to distinguish high-and low-quality pictures, we make the distinction by our subjective judgement. The estimated coefficients are qualitatively similar to the preferred specification.
In the last column, we ignore the endogeneity problem and estimate the model by ordinary least squares (OLS). Again, the results are similar. The estimate for β 1 is larger under OLS than under GMM, but the estimate for β 1 + β 2 is smaller under OLS. This suggests that for sellers who do post low-quality pictures, the number of pictures tend to be positively correlated with the unobserved product characteristics ε. As a result, the OLS estimator is upward biased. On the contrary, for sellers posting high-quality pictures, the number of pictures tends to be negatively correlated with the unobserved characteristics ε.
Since the data were collected from five consecutive days, we do not consider seasonality effects. As for the weekend effect suggested by Lucking-Reileyw, Bryanz, Prasad, and DanielReeves (2007) . In an unreported specification, we add a dummy variable to indicate whether a listing ends on weekend. We do not find any significant effect of this variable.
Conclusion
We use data from an online marketplace, Yahoo! Auction Taiwan, to show that the quantity of information has a positive effect on demand only if the quality of information is high. When a seller provides pictures taking for an actual product, one percentage increase in the number of pictures can increase the number of sales by approximately 1.376 percentage points. On the other hand, when pictures are taking for the product being imitated but not the actual product, adding more pictures has almost no effect on demand. Our findings are consistent with Lewis (2009)'s theoretical prediction that sellers selectively disclose costly information.
Providing more high-quality information is essentially a signal for better product quality.
